Abstract: This paper proposes a new multi-objective model for organ transplant supply chain under uncertainty conditions. Previous models have focused on time, location and allocations separately, and have not considered some important aspects in locating healthcare units. Because of the vital role of these parameters in decision-making about locating organ transplant supply chain, this new model compensates for and covers this shortcoming. These significant parameters include: 1) expected number of organs donors; 2) coverage rate of other zones for the selected locations based on cold ischemia time for each organ (cold ischemia time is the maximum time each organ can bear outside the body); 3) safety index based on earthquakes and other natural or unnatural events. The model consists of three objective functions: the first objective function reduces the costs of the active working centres. Transportations and allocations of units and organs, and the second objective function consider the mentioned parameters too. These objective functions are likely to face conflicts based on the input data. Finally, some statistics-based experiments have been conducted on the problem under study, and it has been solved using GAMS optimisation software (ver. 23.5).
Introduction
Supply chain (SC) is an integrated system of different activities and facilities that transform row materials to final products and distribute these products to final consumers. Supply chain management (SCM) consists of approaches to increase the efficiency of the integrated units such as suppliers, factories, warehouses, retailers and, etc. (Melo et al., 2009) . So, the primary purpose of this system is to minimise total costs with acceptable service level to produce and distribute products with proper quantities, locations, and at the proper time (Simchi-levi and Kaminsky, 2000) . These transported goods may be anything including commercial products and even body organs. As a result, the type and notion of SC units can vary because of the circulation of the products in it.
Location in healthcare systems is a pivotal issue because of minimising the social costs or maximising the people's benefits equivalently. Satisfying and allocating demand locations have a substantial impact on the system efficiency (Zahiri et al., 2014a; Rahman and Smith, 2000; Rais and Viana, 2011) . Moreover, it is important that hospitals be built on the locations, which in case of natural or unnatural events are not only undamaged by natural events, but they can answer other people's demands at the same time and cover more of the other locations.
Many previous investigations, reported in the form of review papers, have been done on the context of facility location problems (Drira et al., 2007; Farahani et al., 2010) and a structured analysis of the operations and SC management research in healthcare between 1982 and 2011, including arrangement topics and strategies is already established by Dobrzykowski et al. (2014) . In this field of investigation, some researchers have proposed many different models for location-allocation of healthcare system facilities. Syam and Côté (2012) presented a location-allocation model for treatment department of traumatic brain injuries. They also used the data from Department of Veterans Affairs (DVA) for evaluating model applicability. Shariff et al. (2012) modelled a capacitated maximal covering location problem in healthcare, and they also proposed a new genetic algorithm for solving this problem. Benneyan et al. (2012) proposed a multi-period, location-allocation model. In their mathematical integer programming model, the tradeoffs between coverage, cost, capacity and service locations are considered. Sha and Huang (2012) presented a multi-period, location-allocation model for emergency blood supply system in Beijing. They used a heuristic algorithm to solve the problem which was based on the Lagrangian relaxation method. Zahiri et al. (2014a) proposed a mixed integer linear programming (MILP) model under uncertainty for multi-period, location-allocation organ transplant centres (TCs). Robust probabilistic approach was used for solving the mentioned problem.
For many diseases that would prove fatal, transplantation has become a successful treatment. Two significant elements of organ transplant SC are a person who donates an organ for transplant (donor) and a person who receives an organ (recipient) (Belien et al., 2013) . The network of organ transplant SC involves donors, hospitals, TCs, shipping agents and recipient zones, Organ removal process has been done on the volunteers for donating or brain-death patients in donor hospitals after registration, blood sampling and surgical operations for transplanting, and finally transporting is done by shipping agents from hospitals to the TCs. One of the main differences between traditional SC and the organ transplant SC is perishability of the products. The main specification of each organ is its cold ischemia time defined as the maximum time period that the organ can be kept outside the body. If the organ transport time between hospital and transplant centre is less than cold ischemia time, the organ can be transported; otherwise, it is not allowed to transport the organ (Zahiri et al., 2014a; Uehlinger et al., 2010) . Bruni et al. (2006) proposed a MILP model to achieve an efficient transplant system in Italy. They optimised their model with assuming special centres named Organ Procurement Organization (OPO in the USA). Kong et al. (2010) used a branch-and-price approach to maximise the efficiency of USA liver allocation systems. Belien et al. (2013) proposed a MILP location model for organ transplant that minimises the total weighted travel time. They also took five organs including: liver, kidney, heart, lung and pancreas. Their model applied to a case study in Belgium. Furthermore, they proposed a discrete location problem for shipping agents with Belgium real numerical experiments (Belien et al., 2011) . Finally, Zahiri et al. (2014b) suggested a multi-objective design of organ transplantation by considering time. They solved their model with a hybrid meta-heuristic algorithm. There seems to be a lack of some vital location parameters in SC, especially to their strategic formats (they cannot change soon). To compensate for this drawback, this paper models a new MILP organ transplant SC.
Problem description and mathematical formulation
In the first step, it is necessary to have some information about transplant SC and the interactions among its facilities. As mentioned before, donor and recipient are two major elements of transplant SC and there are some operations performed through it. SC operations begin with the donor's information to get ready for organ donation. For transporting the organ, after obtaining the necessary information from blood sample, a shipping team is sent to the donor hospital. Of course, the donor can be a volunteer or a brain-death patient after necessary sampling is done. The shipping team returns to the original hospital to analyse the results of experiments. If experiments are successful, organ removal process begins at the donor hospital. So, the organ is sent to TC for transplantation on the recipient's body. After TCs finished registration, analysis of samples begins, and at last transplantation operations can be conducted. Meanwhile, the recipient is required by TC to be present at the specific appointed time to start transplantation operations. Likewise, to support the foreign donors and recipients, some airports were considered to have minimum transportation time to hospitals or TCs (Zahiri et al., 2014b) . For the sake of simplicity, a schematic representation of all of the mentioned processes is shown in Figure 1 . In this section, a double-purpose function is considered to minimise network costs and accompany its increasing efficiency. This will be explained more after the model is proposed. In the beginning sets, all kinds of variables and parameters used in mathematical formulation will be explained. Note that imprecise and uncertain parameters are illustrated by tilde (~) or dash (-) on it and are different from crisp ones (tildes and dashes are for fuzzy and robust parameters, respectively). 
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First objective function (1) tries to minimise costs of opening different centres, shipping (information, organ, people to centres) and allocations of these centres. The second objective function (2) requires more explanation. The first section of the second objective function (2) wants to maximise the number of expected donors and the recipients of the selected locations and absolutely this specification has direct relation with the population of zones. The second section of the second objective function (2) wants to select the locations that have the most coverage of other zones by taking the time and kind of organ into account (means cold ischemia of each organ). Let's give a better explanation with an example:
Suppose we have a matrix of ζ hh1o for a given kind of an organ:
for location A the amount of parameter is 1, and for parameter B and C it is 2 (aggregation of each row), so the most amount is 2. With this function, the model is likely to choose the
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locations that have the most coverage and in the future, we will have less problems about issues such as shipping costs, supply organs and their allocations. The third section of the second objective function (2) maximises the safety of locations in facing with natural events such as earthquakes, etc. These locations are important, and they gain greater importance when we are in a disaster, and it is vital that these locations be active and support our patients in disasters.
Finally, it is necessary to give a description of the form of the sections in the second objective function (2). It is clear that the mentioned parameters have different dimensions and cannot appear together. Therefore, first, the researchers made them in a dimensionless for, and then added them (it is supposed that they have equal significance). The value of each section varies in a range of [0, 1] and it is favourable to take the parameter value as zero.
Constraint (3) guarantees that a hospital can donate a particular organ if it is open and constraint (4) has the same role in each TC. Constraints (5) and (6) demonstrate that our network should have at least one hospital and TC for each particular organ. Constraint (7) ensures the total number of available shipping agents in each period. Constraint (8) guarantees that assignment to the hospital can take place at period t until the shipping agent v is chosen. Constraint (9) demonstrates that each opened hospital should be covered by at least one shipping agent. Constraint (10) decreases the number of shipping agents and the unused flows. Constraint (11) indicates that each hospital can be covered by at most one shipping agent [it is different from constraint (9)]. Constraint (12) and (13) ensure that the information flows between a hospital and a TC can be defined if the hospital and TC are opened. Constraint (14) indicates that the time period of delivering each particular organ cannot exceed its cold ischemia time; otherwise, we should consider 0 flows for it. Constraint (15) and (16) ensure that the flows from a hospital to a TC can be defined if the hospital and TC are opened. Constraint (17) indicates that the flows from hospitals to the airport are feasible if the hospital is able to donate the organ. Constraint (18) demonstrates that the flows from airport to a TC would be feasible if the TC is opened. Constraint (19) is a balance constraint between the total number of flows from the donor hospitals (for abroad operations) to the airport and the total number of outflows to TCs at each time period. Constraint (20) considers total amount of the available supply organs (o) at period t for domestic donors, and constraint (21) Constraint (22) guarantees that the total number of flows from the recipient zones to TCs is equal to the total number of flows from hospitals and airports to TCs at each time period. Constraint (23) shows inventory level of each organ for each hospital at each time period. Finally, constraints (25) and (26) indicate the type of each decision variable.
Linearisation
The mentioned model is nonlinear because of multiplication of integer and binary variables in some constraints. It is clear that solving these nonlinear models is difficult and needs more time in comparison with linear models, especially at wide dimensions. Therefore, we will convert the nonlinear sections of the model to their equivalent linear form separately in the following way:
In constraints (12), (13) and constraint (15) to (18), we have some nonlinear sections for the reason already mentioned. To convert these constraints to their linear form, we define 'M' as a big reasonable number.
We start these conversions with constraint (12) which is transformed in the following way:
( )
These constraints guarantee that if y ho = 0, we will have no information flows between the facilities; otherwise (y ho = 1), our flows can take the values between ( ) 
. . . Similarly, the transformation of constraints (15) to (18) will be as follows:
Model under uncertainty
In the previous section, the model was proposed in a deterministic mode without any uncertainty. In this section, we try to apply uncertain parameters according to their respective kinds of uncertainty. For fuzzy parameters, triangular fuzzy theory is used because of its concordance with their features. To apply triangular fuzzy theory to the related parameters, it is necessary to define three pessimistic, realistic, and optimistic values as shown in Figure 2 . In the next step, to crisp these parameters we will first calculate 1 2
The final value of parameter equals αE 1 + (1 -α)E 2 , that α is a number between 0 and 1 and its effects on the model will be studied later (Heilpern, 1992) . The validity of the model is verified based on the study by Pishvaee et al. (2011) and its explanation is performed. The following example may illuminate the issue further. Suppose a deterministic model as given below:
And its robust model is:
Note that ρ is the robust parameter from [0, 1] interval and should be specified by the researchers. Now, following the mentioned example, we can robust the main model in the following way: 
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Running the model and evaluation
In this section, we want to have a comparison between robust and deterministic models of Z1 and Z2 objective functions and have an investigation about the features of their solutions. To this aim, ten test problems with different sizes are considered. For each test problem, three levels of uncertainty are considered (ρ = 0.2, 0.5, 1). For the sake of simplicity, and to reduce the complexity of the problem, all of the existing ρ s and α s (ρ and α is our robust and fuzzy parameters, respectively) in the problem are considered to be fixed. All of the problems in this section, are solved using GAMS 23.5 software (CPLEX solver) with CPU core i5 2.40 GHz and RAM 4G. Firstly, the problems are solved with nominal data as reported in Table 1 . Then for performance analysis of the models at each level of uncertainties, five random realisations are generated by MATLAB software [i.e., (nominal data (1 -ρ) . nominal data (1 + ρ)] -not mentioned for be long and lack of space). To analyse the solutions, two performance measuring criteria including mean and standard deviation are used. Note that the number and location of the facilities cannot change because they are strategic decisions (Meepetchdee and Shah, 2007) . In Table 2 , the problems are solved with nominal data in both deterministic and robust models; the computational CPU time for solving of each problem is also reported. In Table 3 , the mean and standard deviation of the problems under study are reported. In Table 3 , it is observable that in all problems except for problem '7*5*3*5*2*3' and '8*6*5*7*3*5' with ρ = 0.2 for Z1 objective function and problem '7*5*3*5*2*3' with ρ = 0.2 for Z2 objective function. the robust model has less mean and standard deviation than the deterministic model (both objective functions are minimisation.). It's an endorsement of the high quality of robust model solutions. For example, considering problems '15*13*7*15*5*11', the results of robust model and their standard deviations for Z1 and Z2 objective functions are shown in Figures 3, 4 , 5 and 6, respectively.
Figure 3
Mean objective function of z1 for problem '15*13*7*15*5*11' in deterministic and robust models (see online version for colours) Figure 4 Standard deviation of z1 for problem '15 * 13 * 7 * 15 * 5 * 11' in deterministic and robust models (see online version for colours) Figure 5 Mean objective function of z2 for problem '15*13*7*15*5*11' in deterministic and robust models (see online version for colours) Figure 6 Standard deviation of z1 for problem '15*13*7*15*5*11' in deterministic and robust models (see online version for colours)
As indicated in this Figures 3, 4 , 5 and 6, the robust model has low cost and especially low standard deviation with high-discrepancy and surely it can be claimed that it has high quality solutions and dominates the deterministic solutions.
Conclusions and suggestions for future studies
Finally, it is obvious that the studies and researches in healthcare problems are one of the important and sensitive subsets of modelling. The faults in business or industrial models may be a threat to the capital and money, but the faults in healthcare problems threaten human life and they are not comparable. Nowadays more worthwhile studies in healthcare have been done. As mentioned in the previous section, robust model produced high quality solutions and it was proposed to use it with more assurance. Also the results of Table 2 indicate that the running time of the model increases extremely with an increase in problem size. Also in the case of big size problems, with a small increase in the problem size, the running time increases greatly. Because of the mentioned reason, we need metaheuristic methods to solve the problem in big sizes, but it is necessary to note that our key goal in these kinds of problems is not merely decreasing the time duration; this goal and others should be considered by appropriate allocation of the organs, which will lead to high levels of survival. So, we should introduce the methods which have a desirable quality with a reasonable running time.
For future studies, researchers can connect these kinds of models to global SCs in order to do organ transplants at global levels and may use less time and money. They can also consider some unwanted processes such as failure in organ transplant SCs and study about it in order to apply a new objective function to minimise the travel and processing time before applying a proper metaheuristic for solving them.
